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Links between the Indian, U.S. and Chinese Stock Markets 
 
 
Abstract: This study examines the bilateral relations between three pairs of stock 
markets, namely India-U.S., India-China and China-U.S. We use a Fractionally 
Integrated Vector Error Correction Model (FIVECM) to examine the cointegration 
mechanism between markets. By augmenting the FIVECM with a multivariate 
GARCH formulation, we study the first and second moment spillover effects 
simultaneously. Our empirical results show that all three pairs of stock markets are 
fractionally cointegrated. The U.S. stock market plays a dominant role in the relations 
with the other two markets, whereas there is an interactive relationship between the 
Indian and Chinese stock markets. In particular, the Indian stock market dominates 
the first moment feedback with the Chinese market, while the latter dominates the 
second moment feedback with the former.   
 
Keywords: Stock market, Cointegration, Fractionally Integrated Vector Error 
Correction Model, Multivariate GARCH   2
I. Introduction 
 
Globalization has been gaining momentum in recent years. Financial markets are at 
the forefront of this process. The last two decades have witnessed rapid international 
capital mobility in the form of both direct and indirect investments. This phenomenon 
is a result of the increasing interaction of world economies, both developing and 
developed. The liberalization of capital markets and the increasing variety of financial 
instruments and advances in information technology have also contributed to this 
rapidly moving process. This paper aims to contribute to our understanding of the 
globalization and integration of stock markets.   
 
Studies of stock market integration have taken many paths. For instance, 
diversification theory assumes that relations among prices of different financial 
markets could help to reduce risks and increase revenue of investment portfolios. 
Since the work of Grubel (1968) on the benefits of international portfolio 
diversification, the relationships among financial markets have been widely studied.   
 
Stock markets, however, appear to be unique in that they serve as economic 
barometers because they facilitate direct financing which is a significant engine of 
growth for the economy. Movements in stock markets appear to reflect not only 
domestic economic conditions, but also the level of confidence that domestic and 
foreign investors have in an economy. The ever closer relations among international 
stock markets have important implications for macroeconomic policies and outcomes. 
The integration of global stock markets has spurred changes in national exchange rate 
and trade strategies and domestic monetary and fiscal policies. Given the great 
importance of stock markets, researchers now view the relations among stock markets 
as a proxy for the relations among economies. Therefore, studies on the integration 
and co-integration of stock markets have blossomed, and advances in econometric 
techniques have catalyzed this research.   
   3
This paper examines bilateral relations of three pairs of stock markets, namely 
India-U.S., China-U.S., and India-China. We probe the triangular relations of these 
three stock markets because the U.S. market is the leading developed market, whereas 
the other two are key developing markets. India and China have been named as the 
most promising emerging markets due to their sustained and rapid economic growth 
in the past two decades or so. During this period, the trade volume, capital flows and 
mutual investments among the three countries have also increased rapidly. Therefore, 
it is of great academic and practical importance to understand the links between these 
three critical global markets.     
 
This paper applies a Fractionally Integrated Vector Error Correction Model 
(FIVECM) to detect the co-movements of the pairs of stock markets. The FIVECM is 
superior to the standard VECM because it reveals not merely long-run equilibrium 
relations and short-run dynamics among co-integrated variables, but also accounts for 
the possible long memory in the cointegration residual series which may otherwise 
skew the estimation. Moreover, we augment the FIVECM with a multivariate 
GARCH representation to control for the conditional autocorrelations in the second 
moments of the series. The FIVECM-GARCH model is relatively novel in this line of 
research. Within this modeling framework, empirical lead-lag relations in the level as 
well as volatility of series are simultaneously studied. 
    
Our empirical results show that the three markets are fractionally co-integrated 
with each other, whereas only one stock index series seems to be bound by the long 
run equilibrium implied by cointegration. We also find that the U.S. market leads the 
Indian market in information spillover and leads the Chinese market in return 
transmission, but not vice versa. The Indian and Chinese markets are found to be 
more interactive. Specifically, we find that while the Chinese market leads the Indian 
market in return transmission, the latter leads the former in information spillover. 
Therefore, econometrically speaking, the two neighboring emerging markets appear   4
to be more closely linked to each other relative to the U.S.   
  The rest of the paper is organized as follows: Section II offers a review of the 
literature and motivation for this paper; Section III describes the data and 
methodology; section IV presents the empirical results and implications. Finally, 
section V concludes.   
 
II. Literature Review and Motivation 
As sketched in the introduction, the relationship among various stock markets is a hot 
research topic among academicians for both micro- and macro-reasons. The research 
dates back to the early 1970’s and has burgeoned since late 1980’s. Early studies by 
Ripley (1973), Lessard (1976), and Hilliard (1979) generally find low correlations 
among national stock markets, which validate the benefits of diversification in 
international portfolio management. However, this alleged low correlation was found 
to etch up after the U.S. market crash in October 1987. Lee and Kim (1994), for 
instance, find that national stock markets became more interrelated after the crash. 
Applying a VAR and impulse response function analysis, Jeon and Von-Furstenberg 
(1990) also show a stronger co-movement among international stock indices after the 
1987 crash. Similar conclusions are reached for Asian stock markets after the Asian 
financial crisis in 1998. It seems that crises have drawn stock markets closer to each 
other. Studies also verify the co-movement between the U.S. market and other 
markets. For example, Eun and Shim (1989) find evidence of co-movements between 
the U.S. stock market and other world equity markets. Cheung and Ng (1992) 
investigate the dynamic properties of stock market returns in Tokyo and New York 
and find that the U.S. market to be a dominant global force from January 1985 
through December 1989.   
 
However, not all research supports integration among international stock markets. 
Koop (1994) uses Bayesian methods to conclude that there are no common stochastic 
trends in stock prices across selected countries. In a similar vein, Forbes and Rigobon   5
(2002) claim that recent currency crises (starting from the U.S. market crash in 1987) 
do not increase the integration among stock markets after correcting for one 
theoretical flaw which engenders overestimation of correlation coefficients   
 
The majority of empirical financial research pivots on the North American, 
European and Japanese markets, namely the most developed markets in the world. 
This paper tries to examine a special triangular relation among the Indian, Chinese 
and U.S. markets. The following observations motivated us. Firstly, China and India 
together account for over 40% of the world’s population, and their huge domestic 
markets form the basis for their rising global prominence. In the past two decades or 
so, the two most populous countries have grown rapidly and are expected to be 
significant global economic powers in the years ahead. These two economies have 
stimulated fast evolving stock markets within each country. Interestingly, although the 
Indian stock market has a much longer history than its Chinese counterpart, it was not 
till early 1991 that financial liberalization reforms commenced, at roughly the same 
time that the Chinese stock market took birth. With the help of a series of reform 
measures, the Indian stock market has become more efficient and transparent. 
Meanwhile, the Chinese stock market has kept evolving during its 15 year history, 
thanks to continuing reform and liberalization measures. The Chinese deregulation of 
financial markets picked up steam after China joined the WTO late 2001. Moreover, 
the two emerging powers have elevated their integration recently by opening up trade 
borders. By the end of 2004, India’s trade volume with China was $13.6 billion, 
second only to its trade volume with the U.S. China could conceivably replace the 
U.S. as India’s principal trading partner in the near future. A deeper understanding of 
the links between the Indian and Chinese stock markets could shed light on the extent 
to which these economies are integrated. 
 
Secondly, the influence of the U.S. economy and stock market on global markets 
is pervasive and well documented. In addition, the dominant role of the U.S. dollar in 
the international monetary system has also enhanced the central position of the U.S.   6
stock market on the global stage. The two emerging economies rely heavily on the 
U.S. market. The U.S. is the biggest trade partner and largest foreign investment 
source to both India and China. As of 2004, the trade volume between India and the 
U.S. was $22.1 billion, whereas that of the U.S. and China was about $170 billion, 
around 10% of China’s GDP. Also, India and China are important export destinations 
for the U.S., and both countries finance a significant portion of the U.S. budget deficit 
by buying U.S. Treasury bonds with their fast growing foreign exchange reserves. 
Given the close economic ties among the U.S., China and India, this study seeks to 
explore the degree of integration and bi-directional information spillover between the 
three markets. 
 
Furthermore, as widely-known, the capital asset pricing model (CAPM) across 
countries hinges largely on the relations among international stock markets. In a 
recently discussion about asset pricing pertaining to emerging markets, Harvey (2005) 
points out that market integration plays a critical role in the performance of theoretical 
models. Both of the two developing countries, namely India and China, have been 
experiencing gradual financial liberalizations during the past decade. Thus, the 
cointegration relations among the typical developing and developed markets revealed 
in the current paper could provide some hints for academician researchers on asset 
pricing models as well as practitioners like international portfolio managements.   
 
Another major motivation for this paper stems from econometric considerations. 
This paper investigates the bilateral relations between stock markets by employing a 
bivariate cointegration technique. As usual, the cointegration study is conducted 
within a VECM framework (see Engle and Granger, 1987). However, the 
disequilibrium error used in the VECM (also ECM) applied on financial series is 
often neither I(1) nor I(0), but rather a fractionally integrated process, I(d), where 
5 . 0 5 . 0 < < − d . Without accounting for the long memory (when d<0.5) feature of the 
disequilibrium error, the true relations among cointegrated variables may well be 
distorted. Therefore, this paper employs a Fractionally Integrated VECM (see Baillie,   7
1996) to study the co-movement of the pairs of markets.
1 Furthermore, since 
conditional heteroskedasticity is often observed in high-frequency time series, this 
paper augments the FIVECM model with a bivariate GARCH representation of the 
volatility process to capture the second moment autocorrelations in the return series. 
In particular, we employ the BEKK (1,1) model proposed by Engle and Kroner (1995) 
to model the evolution of conditional variances. Since there are no restrictions 
imposed on the coefficient matrices of the conditional mean and variance, lead-lag 
relations in the first as well as second moments are simultaneously revealed in this 
model. Of course, the benefits of a FIVECM-BEKK model come at the cost of more 
complicated computations. We propose a multi-step procedure to estimate this 
complex model, the details of which are discussed in the next section.   
    
 
III. DATA AND METHODOLOGY 
 
3.1  Data  description   
This paper uses weekly stock index data from January 2, 1991 through December 29, 
2004. We use the Bombay Stock Exchange National index for the Indian stock market, 
the All Shares Index from the Shanghai Stock Exchange for China, and the S&P 500 
index for the U.S. market. All data are from Datastream. We use weekly data in order 
to alleviate the effects of noise characterizing daily or higher frequency data. Further, 
to avoid the so called day-of-the-week effect, we use Wednesday-close indices, since 
stock markets are said to be more volatile on Monday and Friday (Lo and MacKinlay 
1988). The total number of observations is 731. Some features of the data are 
                                                 
1 Long memory time series models augmented by GARCH have been adopted in the literature to 
model a variety of economic and financial situations. For example, Baillie et al (1996) analyze inflation 
series of ten countries using a fractionally integrated ARFIMA-GARCH model; Lien and Tse (1999) 
apply a FIVECM-GARCH(1,1) model to evaluate the performance of futures hedge ratios. Few studies, 
however, examine stock market co-movements using FIVECM-BEKK model.   8
described in Table 1. Logarithms of the stock indices for the Indian, Chinese and U.S. 
markets at time  t  are notated INDt, CHNt, and USt, respectively.   
 
 
3.2 Methodology   
 
Firstly, to establish the cointegration relation between stock indices, we employ a 
Granger two-step procedure. In the first step, we fit the following dynamic ordinary 
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where  t t y y 2 1 ,   are pairs of stock indices involving INDt, CHNt and USt; the estimate 
β ˆ is shown by Stock and Watson (1993) to be super-consistent as well as efficient. 
Then the estimated cointegrating  residual  is  constructed  as  follows:       
t t t y y z 2 1 ˆ ˆ β − =  .                                           ( 2 )  
 
In the second step, we test for long memory, using a R/S test (cite reference) to 
the  t z ˆ  series. If the cointegrating residual is confirmed to follow a long memory 
(I(d), -0.5<d<0.5) process, then  t t y y 2 1 ,  are said to be fractionally cointegrated with 
each other, and we proceed to fit an autoregressive fractionally integrated moving 
average (ARFIMA) model to each residual series in the form:     
() () t t
d a z B B B = − Φ Ψ
− ˆ ) 1 (
1               ( 3 )  
where, Ψ(B) and Φ(B) are MA and AR polynomials, B is a backward shift operator, 
t a is an i.i.d. noise and will be interpreted to be the disequilibrium error in the error 
correction model to follow.   
Once the cointegration relations among variables are established, Engle and   9
Granger (1987) show that cointegration leads to the Vector Error Correction Model 
(VECM) which is extremely powerful in modeling the long-run as well as short-run 
dynamics among the cointegrated variables. We expand the VECM to a FIVECM by 
accounting for the fractional integration property in  t z ˆ  series using the ARFIMA 
model (3). The bivariate FIVECM will then take the form: 
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where  () ′ Δ Δ = Δ t t t y y y 2 , 1 is the differenced series vector or return vector of 
) , ( ′ Δ Δ t t US IND  or  ) , ( ′ Δ Δ t t CHN IND  or  ) , ( ′ Δ Δ t t US CHN .  1 ˆ − t z  is estimated from 
model (1) fitted to respective stock index vectors. Note that we employ VAR(m) 
structure for the VECM model, in particular m=1 in this paper.  () ′ = t t t 2 1 ,ε ε ε  is the 
error vector. The coefficients  () ′ = 2 1,α α α  capture the reaction of the series when 
they deviate from the long-run equilibrium; the magnitudes of the  s i' α represent the 
speed of the adjustment. The lag terms in (4) account for the AR structure of the  t y Δ  
series, while their coefficients reflect the return transmissions between different 
markets. 
 
Because it is often observed that the conditional volatilities of financial return 
series exhibit time varying characteristics, we employ a multivariate GARCH 
(MGARCH) model to capture the heteroskedasticity in the series. In other words, we 
model the conditional mean and conditional variance of the return series 
simultaneously.  
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ε  denote the variance-covariance   10
matrix of  t ε  conditional on past information. The most general and flexible 
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where  0 A  is a lower triangular matrix,  s Ai'  and  s Bj'  are unrestricted coefficient 
matrices,  t ∑  is symmetric and positive semi-definite. Usually, p=1 and q=1 suffice 
for modeling volatility in financial time series. With this formulation, the dynamics of 
t ∑  are fully displayed in the sense that the dynamics of the conditional variance as 
well as the conditional covariance are modeled directly, thereby allowing for volatility 
spillovers across series to be observed. The volatility spillover effect is indicated by 
the off-diagonal entries of coefficient matrices A1 and B1. This can be clearly seen 
from the expansion of BEKK(1,1) into individual dynamic equations: 
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The above equation system is much more complicated than a univariate GARCH 
model because of interactions among the two conditional variances and residuals. The 
time-varying correlation coefficient can be obtained from the conditional variances 
and covariances after the model is estimated. Since there are no restrictions on the 
coefficients, estimation of the BEKK model involves more computation than other 
MGARCH models. The stationarity condition for the volatility series in a BEKK (1,1) 
model is that the eigenvalues of matrix  1 1 1 1 B B A A ⊗ + ⊗ are all less than unity in 
modulus.
2  
   
                                                 
2  For conditions for the general BEKK model, see Proposition 2.7 in Engle and Kroner, 1995.   11
By estimating jointly the FIVECM-BEKK model (i.e. systems (4) and (6)), the 
coefficient estimates would be more efficient, and the relations among the series 
would be delineated more accurately.   
 
 
IV. Empirical Results and Interpretations 
 
 
4.1 Cointegration setup 
 
The first necessary step in cointegration study is to test the non-stationarity of the 
involved series. Therefore, we test for non-stationarity by applying the ADF and PP 
unit root tests, to the logarithms of INDt, USt and CHNt. The results contained in 
Table 2 show that all the indices are found to be I(1) processes under both tests, which 
are consistent with results in the finance literature.   
 
Next, we test the possible cointegrating relations between the three pairs of stock 
indices  ) , ( ′ t t US IND ,  ) , ( ′ t t CHN IND , and  ) , ( ′ t t US CHN  by fitting the DOLS 
model in (1) with lag length p=2. The estimated model coefficients are listed in Table 
3, in particular, all the estimatedβ ˆ for the three regressions are highly significant. In 
order to confirm the cointegration relation between series in each pair, we have to test 
the stationarity of cointegration residuals by first constructing the  t z ˆ  series 
according to (2) for each pair of series using the estimated cointegrating coefficient 
β ˆ  from the corresponding DOLS model. These constructed disequilibrium error 
series are denoted as 
ind
us z , 
ind
chn z   and 
chn
us z  respectively (where superscript stands 
for dependent variable, subscript for independent variable). The R/S test for long 
memory is applied to these three residual series. The results, presented in Table 4, 
confirm that all the three residual series have long memory. Therefore, we proceed to   12
fit an ARFIMA model to each of the series. The choice of ARFIMA order is based on 
the ACF and PACF of residual series.
3  The fitted results are shown in Table 5. 
It is noteworthy that all the estimated values of d in the three ARFIMA models 
fall into the range  5 . 0 5 . 0 < < − d , and estimated coefficients for the AR terms also 
produce three stationary series, although the serial correlations of the three series are 
persistent. In particular, the three d-values are all positive and less than 0.5, 
confirming that the cointegrating variables follow long memory stationary processes. 
Thus, we conclude that the three stock markets are fractionally cointegrated with each 
other. 
 
Next, we proceed to fit a FIVECM-MGARCH model to the return series data. 
Specifically, we fit the FIVECM-BEKK(1,1) model to the three pairs of 
log-differenced index series, i.e.  ) , ( ′ Δ Δ t t US IND , ) , ( ′ Δ Δ t t CHN IND and 
) , ( ′ Δ Δ t t US CHN , with the first variable in each pair being the dependent variable. 
The AR(1) structure is chosen in the FIVECM conditional mean equations based on 
the examination of ACF and PACF of the series. The error structure in each model 
follows a bivariate student t-distribution because the normality test applied to the 
return series shows strong non-normality in the series.   
 
 
4.2 India-U.S. stock market results 
 
The estimates of parameters for the bivariate FIVECM in (4) for the Indian and U.S. 
stock markets are presented in Panel A of Table 6. To interpret the results of  the 
FIVECM model in (4), we first focus on the conditional mean equations, ci (i=1,2), 
the constant terms in the conditional mean equations, 
i
k j, φ   (i=1, j=1,2, k=1,2) and the 
adjustment speed parameters,  i α  (i=1,2) where 
i
k j, φ  stand for the AR term 
                                                 
3  Details are not reported here but are available upon request.     13
coefficients. , and  i α , i=1,2, represent the adjustment speed parameters. Both c1 and 
c2 are statistically significant, implying that the long-run unconditional means of both 
the Indian BSE index return,  t IND Δ  and S&P 500 index return  t US Δ , are positive. 
The significant 
1
11 φ and 
1
22 φ  terms verify the serial dependence in the index returns. 
The nonsignificance of both 
1
12 φ and 
1
21 φ  terms indicate that there is no return 
transmission from the U.S. market to the Indian market, or vice versa. In other words, 
the U.S. stock market does not Granger-cause or lead the Indian stock market, and 
vice versa. In addition, as expected,  1 α  is significantly negative, indicating that the 
Indian market adjusts when it drifts away from long-run equilibrium. However,  2 α  
is not statistically significant. This suggests that the cointegrating relation between the 
two markets does impose certain restrictions on the movement of the Indian stock 
market, but not on the US stock market. 
 
Secondly, the estimates for the conditional variance equations in (5) reveal more 
about the relationship between the two markets. A(i, j) are the elements of the 
constant matrix  0 A  in the variance equation (5). The statistical significance of the 
diagonal elements of the constant matrix shows that the unconditional variances of the 
two index return series are positive. The first-order ARCH(i,j) and GARCH(i,j) terms 
are the elements of the ARCH and GARCH coefficient matrices A1 and B1, 
respectively. The diagonal elements of the ARCH and GARCH matrices are highly 
significant, indicating that the ARCH and GARCH effects are substantial in both 
index return series, and supporting the notion that GARCH modeling is appropriate 
for our dataset. The significant off-diagonal elements ARCH(1,2) and GARCH(1,2) 
indicate that there is unidirectional information transmission from the U.S. stock 
market to the Indian stock market. These off-diagonal estimates also indicate that the 
time varying correlation coefficient between the two series is determined by lagged 
values of volatilities and residuals respectively, which can be seen from the equation   14
system (6). 
 
In short, our results point to unidirectional volatility spillover from the U.S. to the 
Indian market. The strong influence of the U.S. stock market on the Indian stock 
market is expected, since the former is the largest stock market built upon the most 
influential economy in the world and the U.S. is the most important trading partner 
and export destination for Indian goods and services.   
 
The model diagnostics are listed in Panel B of Table 6 including the three test 
statistics and their corresponding p-values applied to the individual residual series 
separately. Specifically, the Jarque-Bera Normality tests are conducted on the two 
residual series; Ljung-Box tests of white noise are applied to standardized residuals 
and squared residual series to test for serial correlation in the first and second 
moments of residuals. Since all the p-values of Ljung-Box tests for both standardized 
residuals and squared residual series in Table 6 are larger than conventional levels, we 
can conclude that the fitted model is adequate and successful in capturing the 
dynamics in the first as well as second moments of the index return series. Finally, the 
eigenvalue moduli of 1 1 1 1 ˆ ˆ ˆ ˆ B B A A ⊗ + ⊗  (where,  1 ˆ A and  1 ˆ B   are estimated ARCH and 
GARCH coefficient matrices respectively) are 0.988, 0.956, 0.944, 0.927. Since they 
are all less than unity, we conclude that the conditional volatilities of the two stock 
return series are stationary. 
 
 
4.3. China-US stock market results   
 
The estimates for the FIVECM-BEKK model fitted on the China-U.S. pair of stock 
returns are reported in Panel A of Table 7. Firstly, we find that the significant c2 
indicates that the long-run mean of  t US Δ  is positive, whereas that of  t CHN Δ  is 
zero as shown by the non-significant c1, which is consistent with the finding in Table   15
6. The significant 
1
11 φ and 
1
22 φ  terms indicate that serial dependence in  t CHN Δ  and 
t US Δ  is non-trivial. The cross terms in the AR structure show an interactive 
relationship between the two series. Particularly, the highly significant 
1
12 φ  points to 
return transmission from the U.S. market to the Chinese market. The negative sign 
indicates that the Chinese market does not follow the U.S. market, but moves in the 
opposite direction. In addition, the non-significant 
1
21 φ  implies that the return 
transmission is unidirectional from the U.S. market to the Chinese market. The 
cointegration between the two markets is indicated by the adjustment speed 
coefficient  1 α  which is significantly negative. Its close-to-one magnitude implies 
that the disequilibrium between the two markets will likely be corrected within one 
period, namely one week in this paper. The non-significance of  2 α  shows that the 
U.S. market is not bound by the cointegration relationship.   
 
 Secondly, the results for the conditional variance equations show a simple 
relation between the volatilities of the two index return series. Again, the highly 
significant diagonal elements in the ARCH and GARCH matrices confirm the strong 
dependence in their conditional volatilities. However, no feedback relations between 
the conditional variances of series  () ′ Δ Δ t t US CHN , are detected, because none of the 
off-diagonal terms in the ARCH and GARCH matrices is significant. In other words, 
there is no information transmission between the two markets. Finally, positive and 
significant A(1,1) and A(2,2) suggest nonzero unconditional variances for the two 
return series. 
 
The diagnostic test statistics for this FIVECM-BEKK model are reported in Panel 
B. The adequacy of the model used is supported by the test results. The moduli of the 
four eigenvalues of  1 1 1 1 ˆ ˆ ˆ ˆ B B A A ⊗ + ⊗  for this model are 0.996, 0.977, 0.976 and 
0.976; all are less than unity. Therefore, the conditional volatilities of the   16
() ′ Δ Δ t t US CHN , series are deemed to be stationary.   
 
   
4.4 India-China stock market results 
 
The estimates for the FIVECM-BEKK model fitted on the India-China pair of stock 
returns are reported in Panel A of Table 8. The coefficients are notated as in Table 6. 
Firstly, we find that the significant c1 indicates again that the long-run mean of 
t IND Δ   is non-zero, whereas, the non-significant c2 suggests that the long run mean of 
t CHN Δ  is not different from zero. The significant 
1
11 φ and 
1
22 φ  terms indicate that 
serial dependence in  t IND Δ  and  t CHN Δ   is substantial. It is noteworthy that 
1
12 φ  is 
marginally significant with a p-value of 0.0675, which points to return transmission 
from the Chinese market to the Indian market. This fact, coupled with the 
non-significant 
1
21 φ , implies that the Chinese market Granger-causes the Indian 
market, but not vice versa.   
 
The adjustment speed parameter  1 α   is significantly negative, which implies that 
when the relationship between the two markets strays from equilibrium, t IND will 
decrease to restore the long-run equilibrium. The other adjustment parameter  2 α  is 
not significant, though it has the expected sign. 
    
Secondly, the estimates for the conditional variance equations show an interesting 
relationship between the volatilities of the two index return series. Again, the highly 
significant diagonal estimates of the ARCH and GARCH coefficient matrices show 
that the time varying features of the second moments of the individual series are 
pronounced. At the same time, the diagonal elements of the constant matrices A(1,1) 
and A(2,2) are significantly positive, suggesting nonzero unconditional variances for   17
the two return series. The significant ARCH(2,1) and GARCH(2,1) terms show that 
there is volatility spillover from the Indian market to the Chinese market, and the 
spillover appears to be unidirectional since the other two off-diagonal coefficient 
estimates are insignificant. In other words, the Indian market leads the Chinese market 
in the transmission of shocks.   
 
In sum, the overall picture revealed by the model estimates suggests that the 
Chinese market passes return realizations (first moment) to the Indian market, while 
the latter leads in the transmission of information (second moment).   
    
Model diagnostics for the FIVECM-BEKK model on  () ′ Δ Δ t t CHN IND ,  listed  in 
Panel B indicate the adequacy of our model in capturing the dynamics of conditional 
means and conditional variances. Also, the four eigenvalues of  1 1 1 1 ˆ ˆ ˆ ˆ B B A A ⊗ + ⊗  for 
this model are 0.979, 0.940, 0.938 and 0.904 which are all less than unity. Therefore, 
the conditional volatilities of  () ′ Δ Δ t t CHN IND ,  series are deemed to be stationary. 
However, the Ljung-Box test for white noise on  t CHN Δ   points to the need to further 








This paper employs a fractionally integrated vector error correction (FIVECM) model 
to investigate the bilateral relations between the Indian, U.S. and Chinese stock 
markets. By augmenting the FIVECM model with a multivariate GARCH (BEKK, in 
particular), the coinegrating relations among the index series, and the dynamic 
dependence and lead-lag relations in the first and second conditional moments of the 
index return series are revealed simultaneously.   
                                                 
4  We tried other specifications for mean equation of  t CHN Δ , the results do not improve.     18
      The estimation results confirm our conjecture that there is fractional cointegration 
or long-run equilibrium between the three pairs of stock markets, namely India-U.S., 
China-U.S., and India-China. In each of the three models, only one market is found to 
adjust to restore equilibrium. In particular, the Indian market adjusts in response to 
disequilibrium with both the U.S. and Chinese markets; the Chinese market adjusts 
disequilibrium conditions with the U.S. We also find that while the U.S. market does 
not Granger-cause or lead the Indian market with respect to return (first moment) 
transmission, it does lead the Chinese market in this respect. However, while there is 
unidirectional volatility (second moment) transmission from the U.S. market to the 
Indian market, no such feedback is observed between the U.S. and Chinese markets. 
The Indian and Chinese markets are found to be more interactive. In addition to being 
fractionally cointegrated, there are interesting lead-lag relations between the two 
markets. Specifically, we find that the Chinese market leads the Indian market in 
return transmission, whereas the latter leads the former in information spillover. 
 
Further research may extend the FIVECM model with a bivariate GARCH model 
employed in our paper to the multivariate GARCH model to study all three countries 
simultaneously. In this paper, we only apply the FIVECM model with a bivariate 
GARCH to study the relationship between two countries to avoid from overhauling 
both the structure and argument when we put all three markets within one model 
framework. However, we note that it is possible to extend the approach employed in 
our paper to the multivariate GARCH model to study all three countries 
simultaneously though the estimation will become difficult as one has to overhaul the 
complicated structure and argument if one puts all three markets within one model 
framework.      
 
    Finally, not that we investigate the relations among stock markets by employing 
only index data, but we bear in mind that certain macroeconomic variables like 
bilateral trade and foreign exchange may have certain influences on the 
co-movements of stock markets. Incorporating macro variables into cointegration   19
study would yield insightful results, provided the difficulty of obtaining high 
frequency macro data is appropriately tackled.       20
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Table1.  Descriptive  statistics   
Statistics 
t IND   t CHN   t US  
Mean  7.3883 6.8819 6.6489 
Median  7.3871 7.0852 6.7981 
N 731  731  731 
Std  Dev.  0.3505 0.6665 0.4555 
SE  Mean  0.0130 0.0246 0.0168 
Skewness  -0.6091 -1.5421 -0.2638 
Kurtosis 1.3767  2.1898  -1.4526 
Note: The indices are the Bombay Stock Exchange National index (INDt), the S&P 500 index (USt), 
and all Shares Index of Shanghai Stock Exchange (CHNt). The Kurtosis here computed with S-PLUS is 
the excess kurtosis. 
 
Table 2. Unit root tests   
ADF PP         T e s t  
Index  t-statistic p-value  t-statistic  p-value 
t IND   1.639 0.9757  1.437  0.9629 
t CHN   -2.615 0.2739 -2.821  0.1899 
t US   2.115 0.9922  2.287  0.995 
Note: The indices are the Bombay Stock Exchange National index (INDt), the S&P 500 index (USt), 
and All Shares Index of the Shanghai Stock Exchange (CHNt). The ADF tests applied on INDt and USt 
are with constant and one lag, the ADF test on CHNt is with constant, trend and one lag. The 
corresponding PP tests have the same structure without lag terms. 
   24
Table 3. Dynamic OLS Estimates   
(INDt, USt) (CHNt, USt) (INDt, CHNt)  Statistics 
 
Estimates 
Estimate P-value  Estimate P-value  Estimate P-value 
α ˆ   4.2644 0.0000  -0.7179  0.0009  4.9064 0.0000 
β ˆ   0.4707  0.0000 1.1454 0.0000 0.3605  0.0000 
2 ˆ− ω   -0.3040 0.5078  -0.3773  0.5791 0.2536  0.0995 
1 ˆ− ω   -0.4017 0.3835  -0.6135  0.3692 0.2582  0.0941 
0 ˆ ω   -0.7787  0.0897 -1.9313 0.0046 -0.0873  0.5691 
1 ˆ ω   -0.5818  0.2049 -1.8520 0.0066 -0.1021  0.5056 
2 ˆ ω   -0.3311  0.4667 -1.5128 0.0251 -0.1120  0.4637 
Note: The dependent variable in each model is marked in bold.   
 
Table 4. Stationarity tests on cointegration residuals 
Range Over Standard Deviation (R/S) test         T e s t  
Index  Test statistic  P-value 
ind
us z   4.876 <0.01 
chn
us z   5.6635 <0.01 
ind
chn z   4.444 <0.01 
Note: The residual series are constructed using Equation (2) in the text based on the corresponding 
DOLS model in Table 3. 
Table 5. ARFIMA fit results 
chn
us z  
ind
us z  
ind
chn z   Estimates 
Parameters 
Value  P-value Value P-value Value  P-value 
d  0.0872  0.0288 0.1562 0.0291 0.2007  0.0110 
AR(1)  0.9696  0.0000 0.8386 0.0000 0.8249  0.000 
AR(2) NA  NA  0.1235  0.0497  0.1251  0.0510 
Note: Series 
chn
us z , 
ind
us z  and 
ind
chn z  are constructed with equation (2) in the text with superscript 
stands for dependent variable, subscript for independent variable, using estimate  β ˆ  obtained from 
DOLS models in Table 3. Selection of AR (lag) terms is based on the examination of ACF and PACF.   25
Table 6. FIVECM-BEKK(1,1) fitted on  () ′ Δ Δ t t US IND ,  
Panel A. Model Estimates 
Parameters Estimate Std.  Error t  value  Pr(>|t|) 
1 c  
0.0032600 0.0013101  2.4884  0.0065 
2 c  
0.0026965 0.0006494  4.1521  0.0002 
1
11 φ  
0.5180029 0.2515044  2.0596  0.0199 
1
12 φ  
-0.0289631 0.1265819  -0.2288  0.4095 
1
21 φ  
-0.1084873 0.1262374  -0.8594  0.1952 
1
22 φ  
-0.0831140 0.0681316  -1.2199  0.1115 
1 α  
-0.4602282 0.2539287  -1.8124  0.0352 
2 α  
0.1068185 0.1270580  0.8407  0.2004 
A(1,1) 0.0104799  0.0020383  5.1415  0.0000 
A(2,1) -0.0003963  0.0010777  -0.3678  0.3566 
A(2,2) 0.0021810  0.0006991  3.1198  0.0009 
ARCH(1,1) 0.3137341  0.0430200  7.2927  0.0000 
ARCH(1,2) -0.1563435  0.0732573  -2.1342  0.0166 
ARCH(2,1) 0.0219239  0.0204262  1.0733  0.1417 
ARCH(2,2) 0.2580945  0.0377332  6.8400  0.0000 
GARCH(1,1) 0.9082299  0.0243094  37.3612  0.0000 
GARCH(1,2) 0.0445994  0.0285644  1.5614  0.0594 
GARCH(2,1) -0.0027131  0.0114546  -0.2369  0.4064 
GARCH(2,2) 0.9595045  0.0114951  83.4709  0.0000 
Panel B. Model Diagnostics 
Normality test 
(Jarque-Bera) 
White noise test 
(Ljung-Box) 
GARCH effect test 
(Ljung-Box) 
    T e s t  
 
Series  statistic p-value statistic p-value statistic p-value 
ΔINDt 117.7 0.0000 11.3      0.5064  8.7  0.7256 
ΔUSt  55.2  0.0000  11.5    0.4840  13.2    0.3556 
Notes:  
The estimated model is FIVECM-BEKK(1,1) (Equation systems (4) + (6)); the dependent variable is 
ΔINDt; the error structure is bivariate t-distribution, the estimated degrees of freedom are 9.412 with 
standard error 1.895. The use of an an ARFIMA (2,d,0) model reduces the actual sample size to 727. 
The number of lags in the two Ljung-Box tests are 12, thus the test statistics follow a Chi-square 
distribution with 12 degrees of freedom.   26
Table 7. FIVECM-BEKK(1,1) fitted on  () ′ Δ Δ t t US CHN ,  
Panel A. Model Estimates 
Parameters Estimate  Std. Error  t value  Pr(>|t|) 
1 c  
0.00056179 0.0012321  0.45596 0.3243 
2 c  
0.00313428 0.0006521  4.80625 0.0000 
1
11 φ  
1.02590494 0.1494665  6.86378 0.0000 
1
12 φ  
-1.04027253 0.1850269  -5.62228 0.0000 
1
21 φ  
0.01032537 0.0681619  0.15148 0.4398 
1
22 φ  
-0.14029048 0.0863902  -1.62392 0.0524 
1 α  
-0.94960367 0.1534664  -6.18770 0.0000 
2 α  
-0.02127834 0.0688014  -0.30927 0.3786 
A(1,1)  0.00738400 0.0012274  6.01613 0.0000 
A(2,1) -0.00007841  0.0012623  -0.06212  0.4752 
A(2,2)  0.00181575 0.0006232  2.91356 0.0018 
ARCH(1,1) 0.35201774  0.0315759  11.14831  0.0000 
ARCH(1,2)  0.06117596 0.0711255  0.86011 0.1950 
ARCH(2,1) -0.00434280  0.0133080  -0.32633  0.3721 
ARCH(2,2)  0.22723954 0.0322347  7.04953 0.0000 
GARCH(1,1) 0.92273239  0.0124925  73.86289  0.0000 
GARCH(1,2) -0.00708031  0.0227859  -0.31073  0.3780 
GARCH(2,1)  0.00054170 0.0052411  0.10336 0.4589 
GARCH(2,2) 0.97184695  0.0077414  125.53962  0.0000 
Panel B. Model Diagnostics 
Normality test 
(Jarque-Bera) 
White noise test 
(Ljung-Box) 
GARCH effect test 
(Ljung-Box) 
    T e s t  
 
Series  statistic p-value statistic p-value statistic p-value 
ΔCHNt  1530.1  0.0000  17.4    0.1351  14.1    0.2963 
ΔUSt  79.9  0.0000  11.8    0.4619  14.3    0.2834 
Notes:  
The estimated model is FIVECM-BEKK(1,1) (Equation systems (4) + (6)); the dependent variable is 
ΔCHNt; the error structure is bivariate t-distribution, the estimated degrees of freedom are 6.861 with 
standard error 1.005. The use of an an ARFIMA (2,d,0) model reduces the actual sample size to 728. 
The number of lags employed in the two Ljung-Box tests are 12, thus the test statistics follow a 
Chi-square distribution with 12 degrees of freedom.   27
Table 8. FIVECM-BEKK(1,1) fitted on  () ′ Δ Δ t t CHN IND ,  
Panel A. Model Estimates 
Parameters  Estimate  Std. Error  t value  Pr(>|t|) 
1 c  
0.0027258 0.001308 2.083546 0.0188 
2 c  
0.0008503 0.001304 0.652228 0.2572 
1
11 φ  
0.4198428 0.227847 1.842649 0.0329 
1
12 φ  
-0.1248527 0.083452 -1.496109 0.0675 
1
21 φ  
0.0015743 0.225568 0.006979 0.4972 
1
22 φ  
0.1093562 0.086688 1.261495 0.1038 
1 α  
-0.3419428 0.228958 -1.493474 0.0679 
2 α  
0.0446021 0.228367 0.195309 0.4226 
A(1,1) 0.0126456  0.002597  4.869978  0.0000 
A(2,1) -0.0030812  0.002542  -1.212237  0.1129 
A(2,2) 0.0064159  0.002230  2.877377  0.0021 
ARCH(1,1) 0.3310268  0.049774  6.650613  0.0000 
ARCH(1,2) -0.0138331  0.033339  -0.414917  0.3392 
ARCH(2,1) -0.0833061  0.043247  -1.926302  0.0272 
ARCH(2,2) 0.3419190  0.032805  10.422725  0.0000 
GARCH(1,1) 0.8947061  0.032556  27.482199  0.0000 
GARCH(1,2) 0.0146029  0.012519  1.166497  0.1219 
GARCH(2,1) 0.0464821  0.030274  1.535381  0.0626 
GARCH(2,2) 0.9241090  0.012285  75.222913  0.0000 
Panel B. Model Diagnostics 
Normality test 
(Jarque-Bera) 
White noise test 
(Ljung-Box) 
GARCH effect test 
(Ljung-Box) 
    T e s t  
 
Series  statistic p-value statistic p-value statistic p-value 
ΔINDt  113.1  0.0000  12.4  0.4123  10.4    0.5827 
ΔCHNt  995.3 0.0000  27.9   0.0057  14.7  0.2580 
Notes:  
The estimated model is FIVECM-BEKK(1,1) (Equation systems (4) + (6)); the dependent variable is 
ΔINDt; the error structure is bivariate t-distribution, the estimated degrees of freedom are 6.361 with 
standard error 0.932. The use of an an ARFIMA (2,d,0) model reduces the actual sample size to 727. 
The number of lags employed in the two Ljung-Box tests are 12, thus the test statistics follow a 
Chi-square distribution with 12 degrees of freedom. 